ABSTRACT
INTRODUCTION
The underlying assumption of most phylogenetic tree reconstruction methods is that there is one set of hierarchical relationships among the taxa. Although this is a reasonable approach when applied to most DNA sequence alignments, it can be violated in certain bacteria and viruses owing to interspecific recombination. The resulting transfer or exchange of DNA subsequences can lead to a change of the branching order (topology) in the affected region, which results in conflicting phylogenetic information from different regions of the alignment. If undetected, the presence of these so-called mosaic sequences can lead to systematic errors in phylogenetic tree estimation. Their detection, therefore, is a crucial prerequisite for consistently inferring the evolutionary history of a set of DNA sequences.
Various methods for detecting evidence of interspecific recombination in DNA sequence alignments have been developed; see, for instance, Posada et al. (2002) for a review. The objective of this paper is to discuss how the performance of a recently proposed combination of phylogenetic trees with hidden Markov models (HMMs) can be substantially improved. Such phylogenetic HMMs were originally introduced by Yang (1995) , and Felsenstein and Churchill (1996) to allow for correlations between evolutionary rates at different sites. Siepel and Haussler (2004) applied phylogenetic HMMs to modelling mosaic structures in DNA sequence alignments in the context of comparative genomics. The application of phylogenetic HMMs to the detection of recombination was first proposed by McGuire et al. (2000) , with subsequent improvements of the inference methodology by Husmeier and Wright (2001) , and Husmeier and McGuire (2003) . The method is based on the observation that interspecific recombination usually leads to a change of the underlying phylogenetic tree topology. The idea is to introduce a hidden state that represents the tree topology at a given site. A state transition from one topology to another corresponds to a recombination event. To introduce correlations between adjacent sites, the hidden states are given a Markovian dependence structure. Thus, the standard model of a phylogenetic tree is generalized by the combination of two probabilistic models: a taxon graph (phylogenetic tree) representing the relationships among the taxa and a site graph (HMM) representing dependencies between different sites in the DNA sequence alignments. Breakpoints of mosaic segments in the alignment are predicted by state transitions in the site graph. Although this method was found to detect breakpoints of recombinant regions more accurately than most existing techniques, it inherently fails to distinguish between recombination and rate variation. Hence, genomic regions under different selective pressure tend to be erroneously predicted as recombination events.
To distinguish between recombination and rate heterogeneity, we propose to marry the phylogenetic tree to a factorial HMM (FHMM). The states of the first hidden chain represent tree topologies, as before, and transitions between these states are indicative of recombination events. The states of the second independent hidden chain represent different global scaling factors of the branch lengths, and transitions between these rate states indicate variations in the selective pressure. Inference is done in terms of a hierarchical Bayesian model. Parameters are divided into groups, and parameter groups are sampled from the posterior distribution with Gibbs sampling, i.e. each group is iteratively sampled conditional on fixed settings of the other groups. The model is illustrated in Figure 1 Felsenstein and Churchill (1996) , the transition probabilities are defined as
where δ(S t , S t−1 ) denotes the Kronecker delta symbol, which is 1 when S t = S t−1 , and 0 otherwise. The parameter ν S denotes the probability of not changing the tree topology between adjacent sites. Associated with each tree topology τ i is a vector of branch lengths, w τ i . Given a nucleotide substitution model with parameters θ , this defines the probability of a column of nucleotides, P (y t |S t , w St ). The practical computation can easily be effected with the pruning algorithm, as discussed in Felsenstein (1981) . In the present work, we follow Suchard et al. (2003) and impose a product of independent exponential distributions as a prior on the branch lengths w:
This prior is conjugate to the likelihood and makes integrating out the branch lengths,
analytically tractable; see Suchard et al. (2003) for details. The hyperparameter R represents the average branch length, or the extent of evolutionary change. To allow for rate variation, this hyperparameter is allowed to vary along the sequence alignment: R → R t . Correlations between adjacent sites are modelled again by a Markovian dependence structure:
The transition probabilities are defined as in Equation (1):
whereK is the total number of different rate states. The resulting model is an FHMM, as illustrated in Figure 1 . The model contains two a priori independent chains of hidden states, S and R, for the tree topologies and evolutionary rates, respectively. The probability of a column of nucleotides in the alignment, the so-called emission probability, depends on both hidden states: P (y t |S t , R t ). The transition probabilities P (S t |S t−1 , ν S ) and P (R t |R t−1 , ν R ) are determined by the transition parameters ν S and ν R , via Equations (1) and (4). The initial state probabilities P (S 1 ) and P (R 1 ) are set to the uniform distribution, as discussed in Husmeier and Wright (2001) . To complete the specification of our probabilistic model, we introduce prior probabilities on the transition parameters ν S and ν R : P (ν S ) and P (ν R ).
As shown in Husmeier and McGuire (2003) , the conjugate prior is a beta distribution
whose shape is determined by the hyperparameters α and β. In the present work, we set α = β = 1; this is the maximally uninformative setting, for which Equation (5) reduces to the uniform distribution over the interval [0, 1] . The complete likelihood factorizes as follows:
where the individual terms have been discussed above. Now, recall that the tree topology can change as a consequence of recombination. This corresponds to a state transition S t = τ i → S t+1 = τ (k =i) at the breakpoint t of the affected region. Similarly, different segments of a DNA sequence alignment can be under different selective pressure, which corresponds to transitions between different rate states R t . Hence, our main objective is the prediction of the marginal posterior probabilities
Plotting these distributions along the DNA sequence alignment gives clear indications about the location of recombinant and differently diverged regions (Figures 4-7 in Section 5). The distributions P (S|D) and P (R|D) are obtained by marginalization of P (S, R, ν S , ν R |D), which is proportional to the joint distribution of Equation (6):
The respective integrations and summations are intractable and have to be numerically approximated with Markov chain Monte Carlo (MCMC): we sample from the joint posterior distribution P (S, R, ν S , ν R |D) and then marginalize with respect to the entities of interest. Sampling from the joint posterior distribution follows a Gibbs sampling procedure (Casella and George, 1992) , where each parameter group is iteratively sampled separately conditional on the others. So if the superscript (i) denotes the i-th sample of . At this point, the subsequence between sites 201 and 300 in Strain 3 is replaced by the corresponding subsequence in Strain 1 (top centre). The sequences then continue to evolve along the exterior branches until the branch length is 0.75 times the final exterior branch length (top right). This is followed by a second recombination event, where the subsequence between sites 501 and 600 in Strain 2 replaces the corresponding subsequence in Strain 3 (bottom left). The sequences then continue to evolve along the exterior branches for the remaining length (bottom centre). The region between sites 801 and 900 is a mutation hotzone, where the nucleotide substitution rate is increased by a factor of 10. The resulting mosaic structure is shown in the bottom right.
the Markov chain, we obtain the (i + 1)-th sample as follows:
The order of these sampling steps is arbitrary. Note that, in principle, the nucleotide substitution parameters θ should be included in the Gibbs scheme, as described in Husmeier and McGuire (2003) . In practice, a fixation of θ at estimated values makes little difference to the prediction of P (S t |D) and P (R t |D) and has the advantage of reduced computational costs. Sampling the hidden state sequences S and R in Equations (11) and (12) can be effected with a Gibbs-within-Gibbs procedure, as described in Husmeier and McGuire (2003) . However, the stochastic forward-backward algorithm of Boys et al. (2000) has proven to lead to a faster mixing and convergence of the Markov chain and was, thus, used in the simulations reported in the present paper. The sampling steps for ν S and ν R are straightforward owing to the conjugacy of the beta distribution.
It is then easy to show, from Equations (1) and (4), that Equations (13) and (14) reduce to
where S and R are the sequences sampled in steps (11) and (12), respectively [see Husmeier and McGuire (2003) for a derivation]. Sampling from the beta distribution is straightforward, as described, e.g. in Rubinstein (1981) .
DATA
We have tested the viability of the proposed method on the following DNA sequence alignments.
Simulated recombination
DNA sequences, 1000 bases long, were evolved along a 4-species tree, using the Kimura model of nucleotide substitution (Kimura, 1980 ) with a transition-transversion ratio of 2. Two recombination events were simulated, as shown in Figure 2 . Topology τ 1 is the 'true' topology, which applies to those parts of the alignment that are not affected by recombination. The four sequences are evolved along the interior branch and the first half of the exterior branches of a phylogenetic tree. At this point, the subsequence between sites 201 and 300 in Strain 3 is replaced by the corresponding subsequence in Strain 1. The sequences then continue to evolve along the exterior branches until the branch length is 0.75 times the final exterior branch length. This is followed by a second recombination event, where the subsequence between sites 501 and 600 in Strain 2 replaces the corresponding subsequence in Strain 3. The sequences then continue to evolve along the exterior branches for the remaining length. The resulting mosaic structure of the alignment is shown in Figure 2 (bottom right). In the main part of the alignment, Strain 3 is most closely related to Strain 4. However, in the region between sites 201 and 300, it is most closely related to Strain 1, and in the region between 501 and 600, it is most closely related to Strain 2 (bottom right). Thus, the first, more ancient, recombination event corresponds to a transition from Topology τ 1 to Topology τ 2 . The second, more recent, recombination event corresponds to a transition from Topology τ 1 to Topology τ 3 . This simulates a realistic scenario where an ancestor of Strain 3 incorporates genetic material from ancestors of other extant strains, which in each case is followed by subsequent evolution. The region between sites 801 and 900 is a mutational hotzone, where the nucleotide substitution rate is increased by a factor of 10. The simulation was repeated for different branch lengths of the tree. In the first simulation, branch lengths were drawn randomly from the uniform distribution w = 0.1 ± 0.01. In the second simulation, the branch lengths were shrunk by a factor of 10 and drawn from the uniform distribution w = 0.01 ± 0.001. Note that as the branch lengths decrease, the number of polymorphic and topology-defining sites decreases. This reduces the information content in the alignment and renders the detection of recombinant regions more difficult.
Neisseria
One of the first indications for sporadic recombination was found in the bacterial genus Neisseria (Maynard Smith, 1992) . We chose a subset of the 787 nt Neisseria argF DNA multiple alignment studied by Zhou and Spratt (1992) , where we selected the four strains Neisseria gonorrhoeae (X64860), Neisseria meningitidis (X64866), Neisseria cinera (X64869) and Neisseria 
Gene conversion
Gene conversion is a process equivalent to recombination, which occurs in multigene families, where a DNA subsequence of one gene can be replaced by the DNA subsequence from another. Indication of gene conversion between a pair of maize actin genes was reported by Moniz de Sa and Drouin (1996) , who showed that the Maz56 and Maz63 genes had a gene conversion covering the last 130 nt of their coding regions. We applied our algorithm to a multiple alignment of the following four maize sequences: Maz56 (GenBank/EMBL accession number U60514), Maz63 (U60513), Maz89 (U60508) and Maz95 (U60507). The three tree topologies were defined as follows. 
SIMULATIONS
We modelled the nucleotide substitution process with the Kimura model (Kimura, 1980) , and estimated the transition-transversion ratio θ with Treepuzzle (Schmidt et al., 2002) . The topology states S t could take on one of three possible tree topologies: τ 1 , where sequences 1 and 2 are grouped together; τ 2 , which groups sequences 1 and 3 together; and τ 3 , in which sequence 1 is paired with sequence 4. The rate states R t were chosen from a set of 10 discrete values between 0.001 and 100, with an approximately uniform spacing on a log scale (see the caption of Figure 4 for the exact values). The MCMC simulations were run for 300 Gibbs sampling cycles. We started from the initialization ν S = ν R = 0.99, which corresponds to an average expected segment length of 1/(1 − ν S ) = 1/(1 − ν R ) = 100. Each cycle contained a complete updating of the hidden state sequences and transition parameters according to Equations (11)- (14). The first 100 configurations were discarded; various trace plots suggested that this was a sufficient length for the burn-in phase. The marginal posterior probabilities P (S t |D) and P (R t |D) were then computed according to Equations (7) and (8) (Murphy, 2002) , which is available from http://www.cs.ubc.ca/∼murphyk/Software/HMM/hmm.html. Figure 5 shows the prediction obtained from an application of the simple phylogenetic HMM to the simulated DNA sequence alignment. The graphs show the marginal posterior probabilities P (S t |D) for the three possible tree topologies. The two panels correspond to different branch lengths of the true phylogenetic tree, from which the sequence alignment was simulated. Both recombination events are indicated by clear state transitions. In the dominant part of the sequence alignment, the posterior probability of the first topology, P (S t = τ 1 |D), is close to one, but it drops to values near zero in the two recombinant regions. These transitions are accompanied by an increase in the posterior probabilities of the respective recombinant topologies, P (S t = τ 2 |D) and P (S t = τ 3 |D). Note that these transitions are clearer-and the corresponding breakpoint indications more accurate-for the first simulation study; this difference results from the fact that larger branch lengths imply a higher proportion of polymorphic sites and, hence, an increased information content of the sequence alignment. The main finding is related to the discrimination between recombination and rate variation. Although for both simulations the phylogenetic HMM succeeds in detecting the two recombinant regions, it also predicts two spurious state transitions into and out of the differently diverged region at the end of the alignment. This finding confirms the conjecture that the standard phylogenetic HMM of Husmeier and Wright (2001) and Husmeier and McGuire (2003) is susceptible to misinterpreting genomic regions under different selective pressure as spurious recombination events.
RESULTS
Compare these findings with those of Figure 4 , which were obtained with the proposed phylogenetic FHMM. The top panel of the figure shows the marginal posterior probabilities P (S t |D) for the three possible tree topologies. These figures correspond to those of Figure 5 , and the graphs are, in fact, very similar: they indicate two recombinant regions in the correct locations, which, again, are more clearly indicated for the alignment with the larger number of polymorphic sites. The striking difference to Figure 5 is the absence of the spurious state transitions in the region affected by rate heterogeneity. These transitions now occur as separate state transitions in the rate state plots, P (R t |D), as shown in the bottom panel of the figure. When the true branch lengths of the phylogenetic tree are large, w = 0.1, most sites in the alignment are with high probability in rate state R t = 0.1. However, the region affected by rate variation shows a clear transition into rate state R t = 1.0. By the same token, for the simulations carried out with the shorter branch lengths of the true phylogenetic tree, w = 0.01, the rate states show a transition show the posterior probabilities of the three topologies, P (S t = τ 1 |D) (top), P (S t = τ 2 |D) (middle) and P (S t = τ 3 |D) (bottom), plotted against the site t in the DNA sequence alignment. The bottom panel indicates rate heterogeneity. Each figure contains ten subfigures, which refer to the different rate factors. From left to right and from top to bottom: P (R t = 0.001|D), P (R t = 0.003|D), P (R t = 0.01|D), P (R t = 0.03|D), P (R t = 0.1|D), P (R t = 0.3|D), P (R t = 1|D), P (R t = 3|D), P (R t = 10|D) and P (R t = 100|D). These posterior probabilities are plotted against the site t in the DNA sequence alignment. Note the shift in this distribution as the branch lengths of the true phylogenetic tree are decreased.
from R t = 0.01 in the flanking regions into R t = 0.1 in the differently diverged region. These findings suggest that the phylogenetic FHMM, as opposed to the phylogenetic HMM, clearly distinguishes between recombination and rate variation. To assess the performance on real DNA sequences, we applied the proposed phylogenetic FHMM to the Neisseria alignment. Two earlier applications of phylogenetic HMMs (Husmeier and Wright, 2001; Husmeier and McGuire, 2003) had succeeded in correctly detecting the recombinant region in the left part of the alignment. However, the differently diverged segment in the right half of the alignment, around site 500, was erroneously predicted to be a recombinant region. Compare this with the prediction obtained with the phylogenetic FHMM proposed in the present paper. The marginal posterior probabilities of the topology states, P (S t |D), and rate states, P (R t |D), are shown in Figure 6 . The former show a transition from state τ 3 into state τ 1 , in agreement with the findings of Zhou and Spratt (1992) (see also Figure 3 ). The latter show a transition between two different rate states: R t = 0.03 in the dominant part of the alignment and R t = 0.1 in the short region around site 500. Hence, this region is correctly identified as being more diverged, in agreement with Zhou and Spratt (1992) , and the phylogenetic FHMM successfully distinguishes between recombination and rate variation.
Finally, Figure 7 shows the mosaic structure predicted for the maize actin gene family. The posterior probability of tree topologies, P (S t |D), shows a state transition that clearly indicates a gene conversion event. While for the major part of the alignment, the most probable tree topology is τ 1 , it changes to τ 3 in the segment covering the last 130 sites. This prediction is in agreement with the findings of Zhou and Spratt (1992) , and it was also found in Husmeier and McGuire (2003) . Interestingly, our phylogenetic FHMM also detects rate heterogeneity in a different part of the alignment, around position 400. This additional mosaic structure was not detected with the phylogenetic HMM of Husmeier and McGuire (2003) , and it may indicate some hitherto unknown variation in the selective pressure. . Predicted mosaic structure of the Neisseria DNA sequence alignment. Left panel: Posterior probability of topology states. The three subfigures show the predicted posterior probabilities of the three topologies, P (S t = τ 1 |D) (top), P (S t = τ 2 |D) (middle) and P (S t = τ 3 |D) (bottom), plotted against the site t in the DNA sequence alignment. Right panel: Posterior probability of rate states, P (R t |D). Ten rate states were employed. The associated rate factors (increasing from top to bottom and from left to right) were varied between 0.001 and 100 with an approximately uniform spacing on a log scale; see the caption of Figure 4 for details.
CONCLUSION AND FUTURE WORK
The present work has proposed a combination of phylogenetic trees with FHMMs for improved detection of mosaic structures in DNA sequence alignments. Inference is done in terms of a hierarchical Bayesian model. Parameters are divided into groups. Parameter groups are then sampled from the posterior distribution with Gibbs sampling, i.e. each parameter group is iteratively sampled conditional on fixed settings of the other parameters. The proposed phylogenetic FHMM extends two earlier approaches based on phylogenetic HMMs: the work of Felsenstein and Churchill (1996) , which focuses on the detection of rate variation; and the work of Husmeier and McGuire (2003) , which solely looks for recombination. An application of the latter method to the Neisseria sequence alignment results in the prediction of spurious recombination events (Husmeier and McGuire, 2003) . The synthetic simulation study carried out for the present article has demonstrated that such spurious detections are a consequence of the fact that the phylogenetic HMM is, intrinsically, unable to distinguish between recombination and rate heterogeneity. The proposed phylogenetic FHMM naturally decouples these two processes. In our synthetic simulation study, it succeeds in clearly discriminating between recombination and rate variation. On the Neisseria sequence alignment, it avoids the prediction of spurious recombinant regions. On the maize actin gene family, it detects variations in the selective pressure in addition to the detection of a known gene conversion event. These findings suggest that the proposed phylogenetic FHMM is a consequent improvement on the earlier phylogenetic HMMs and guarantees a more reliable prediction of mosaic structures in DNA sequence alignments. The proposed method has been restricted to 4-taxa alignments, for which there are only three different topology states. Larger numbers of DNA sequences require heuristic restrictions of the topology space to be made, as discussed in Husmeier and McGuire (2003) , but this has not yet been implemented in our software. Following Felsenstein and Churchill (1996) , we have chosen a fixed number of hidden rate states with fixed associated rate values. This approach ensures a fast convergence of the Markov chain and, consequently, relatively low computational costs. An approach that learns both the number of hidden rate states and their associated values from the data could be effected with a reversible-jump MCMC approach (Green, 1995) . Although this scheme would be methodologically more satisfying, it would slow down the convergence and mixing of the Markov chain and, consequently, incur substantially increased computational costs. One of the referees suggested treating the rate heterogeneity parameter R t as a continuous-valued rather than discrete entity. The Markov chain corresponding to the rate states could then be modelled as a Kalman filter, which offers an interesting avenue for future research. The referee also suggested an extension of the proposed phylogenetic FHMM to include additional factors, like variations in the G + C content. In fact, these variations can be modelled as a third, a priori independent Markov chain; hence the generalization of the proposed methodology should be rather straightforward.
